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Centers for Medicare & Medicaid Services (CMS) to measure and reduce disparities.
CMS' administrative racial/ethnic information for Medicare beneficiaries is primarily derived from the Social Security Administration (SSA). For persons assigned a Social Security Number before 1980, there were only three race/ethnicity response options: "Black," "White," or "Other." In 1980, SSA expanded these categories. Prior research suggests that CMS administrative race/ethnicity performs reasonably well in classifying non-Hispanic White and Black beneficiaries, but it misclassifies many Asian/Pacific Islanders (API) and Hispanic beneficiaries as "White" or "Other." [2] [3] [4] People who are incorrectly classified by the administrative variable differ systematically from others with the same race/ethnicity, which leads to biased disparity estimates. 5 One way of addressing imperfect racial/ethnic information is "indirect estimation" methods that supplement or replace imperfect racial/ethnic measures with estimates based on characteristics strongly associated with race/ethnicity. The Institute of Medicine (now the National Academy of Medicine) recommended indirect estimation to monitor health disparities and to target quality-improvement efforts in the absence of direct and accurate race and ethnicity information. 6, 7 Accordingly, researchers modified an existing method for indirectly estimating race/ethnicity from residential address and surname information, known as the Bayesian Improved Surname and Geocoding (BISG), 8 to improve the accuracy of CMS' administrative race/ethnicity variable. BISG uses Bayes' rule to combine US Census information on race/ethnicity by both surname and Census
Block Group of residence to produce a set of racial/ethnic probabilities for each person. 8 In this method, each person receives a set of initial probabilities of falling into each of six racial/ethnic groups (White, Black, Hispanic, API, American Indian/Alaska Native [AI/ AN], and multiracial) based on the racial/ethnic distributions for their surname, as published by the Census. Addresses are geocoded to Census Block Groups, and the probability of residing in each Census Block Group is calculated for each racial/ethnic group, also using Census data. These two sets of probabilities are combined using Bayes' rule. This method requires an assumption of conditional independence, in this case that the probability of residing in a Block
Group given a person's race/ethnicity does not vary by surname. The BISG method has been validated as a tool to impute or to improve imputation of race/ethnicity in a variety of populations. [8] [9] [10] [11] [12] The Medicare-specific adaptation known as Medicare BISG 1.0 (MBISG 1.0) 13, 14 combined the BISG racial/ethnic probabilities with CMS race/ethnicity administrative data to produce more accurate indirect estimates of race/ethnicity. The Bayesian method used to aggregate data can only accommodate inputs in the form of a set of six racial/ethnic probabilities. Therefore, in MBISG 1.0, the probability of belonging to each of these six racial/ethnic groups for someone with a given value on the CMS administrative racial/ethnic measure is calculated by linking the administrative field to weighted self-reported race/ethnicity from a large, nationally representative survey of Medicare beneficiaries. This initial set of six administrative probabilities of beneficiary race/ethnicity is based only on CMS' administrative data. Then, each beneficiary's probabilities are calculated independently from surname and address information using BISG. Finally, these two sources of information are combined using a We organize the description of changes to the race/ethnicity prediction algorithm presented in this article into two sequential phases. The first phase concerns improvements made to the three components of the MBISG 1.0 algorithm (address, surname, and CMS administrative racial/ethnic information). The second phase uses a more flexible framework, multinomial logistic regression, which allows for both additional types of predictors of race/ethnicity and relaxation of the conditional independence assumption used in the application of Bayesian updating used in MBISG 1.0. We linked survey-reported (CAHPS) race/ethnicity to data from CMS, the US Census, and other sources (as described below) to calculate racial/ethnic probabilities. We evaluated the accuracy of racial/ethnic probabilities using unweighted Pearson correlations with self-reported race/ethnicity. We focus on the four largest racial/ethnic groups (White, Black, Hispanic, and API). Below and in 
| ME THODS

| Phase One
Below we describe improvements to the three existing data sources: surname, CMS administrative race/ethnicity, and address information. Calibration to Medicare population using additive approach for multiracial and multinomial logistic model for other race/ethnicities.
| Improving use of surname information
Phase 2
e. Bayesian framework used to combine data from address, surname, and CMS administrative variable may ignore possible interactive predictive power between elements; conditional independence may not be fully met.
Use multinomial logistic model to allow interactions between existing data elements and between existing and new data elements.
f. Additional data elements may improve racial/ethnic probabilities. Add such elements, including indicators of first names indicative of API or Hispanic race/ethnicity, gender, low income indicators.
of the other probabilities so that the final set of surname racial/ethnic probabilities sums to 100 percent. Of cases with two component names that matched the Census, 70.7 percent self-reported Hispanic ethnicity. Taking the means of the two sets of surname probabilities gave an estimate of 60.5 percent Hispanic, whereas using the highest Hispanic probability gave an estimate of 66.9 percent Hispanic.
| Improving use of CMS administrative racial/ ethnic data
Our or unknown in the CMS administrative data. As seen in Appendix S1B, younger beneficiaries listed as "Other" and "White" are more likely to be Hispanic than older beneficiaries in these categories.
| Improving use of residential address
Addresses are geocoded to 12-digit Block Groups and linked to 2010 Census race/ethnicity data. Puerto Rico is not included in this data, so we cannot estimate address-based racial/ethnic probabilities for Puerto Rico using this file. MBISG 1.0 probabilities for Puerto Rico consider only surname and SSA race/ethnicity, underestimating the prevalence of Hispanic ethnicity in Puerto Rico.
Therefore, we coded racial/ethnic probabilities for residents of Puerto Rico to probabilities based on self-report of all beneficiaries in Puerto Rico, after Bayesian updating (see Appendix S1C).
| Aggregation of data elements using Bayesian updating and calibration
For both MBISG 1.0 and MBISG 2.0, probabilities based on surname, address, and CMS administrative race/ethnicity are combined in two
Bayesian updating steps, as described in the Introduction. MBISG 1.0 probabilities are complete at this point.
The means of MBISG 1.0 predictions slightly undercount Hispanics and multiracial beneficiaries and slightly overcount Whites. For MBISG 2.0, we calibrate probabilities such that mean probabilities are equal to the distribution of self-reported race/ethnicity in the sample.
Because the multiracial group is both underestimated and poorly predicted, we used an additive approach to calibrate this group. We added the difference between percent self-reporting multiracial and mean probability multiracial to each case and rescaled other probabilities to sum to 1. This sets the mean multiracial probability to the mean self-reporting multiracial.
We then calibrate probabilities using multinomial logistic regression, a common means of calibrating three or more probabilities to a national total 8 that applies constant odds ratios rather than a constant arithmetic difference, allowing well-predicted probabilities to increase more than proportionately. We predicted self-reported race/ethnicity using the set of race/ethnicity probabilities; these predictions by definition have a mean equal to the sample distribution of race/ethnicity. 
| Phase Two
The purpose of Phase Two was to evaluate the contributions of additional data elements and the application of a more flexible modeling framework-multinomial logistic regression-in improving the accuracy of MBISG probabilities. The inputs considered for the model are the improved MBISG 1.0 probabilities from Phase One, the individual Phase
One subcomponents, and other data elements described below.
We begin with a summary of the Phase One subcomponents and new data elements. Next, we describe the modeling approach that combines these elements into a new set of probabilities
| Additional data elements considered for Phase Two
| Phase One subcomponents
In addition to the end-of-phase-one probabilities, we considered component racial/ethnic probabilities from each of three data sources used in Phase One (the CMS administrative variable, surname, and address) and the probabilities from the combination of surname and address. We additionally explored poor/missing data indicators for the Phase One subcomponents, since data quality might be correlated with race/ethnicity (see Appendix S1C).
| First names
We explored the use of beneficiary first name. Morrison et al 19 noted that there is generally less information in first names than last names; first name data are less standardized than last name data as one person's first name may appear in different forms. There are some distinctive first names that have a high specificity for one race/ ethnicity, but the most popular first names are prevalent for all racial/ethnic groups.
We evaluated first name lists that have been found to predict membership in certain racial/ethnic groups. We matched these group-specific lists to our sample using beneficiary first name. Each first name list corresponded to a single racial/ethnic group; for each such group, we calculated the sensitivity and specificity of the corresponding list. Among beneficiaries whose first name was listed, we calculated the distribution of self-reported race/ethnicity and mean end-of-phase-one probabilities; the discrepancy between the two indicated how much first name information could increase accuracy.
Promising first name lists were evaluated in modeling. The mean end-of-phase-one API probability for those whose first name appears on any of the six API first name lists is lower than the percentage of these people who self-report being API by 13.3 percentage points overall (72.0 percent versus 85.3 percent).
| Asian/Pacific Islander first name lists
The differences vary by national origin group, with the differences especially large for the Japanese (41.3 percentage points) and Korean and Filipino (17.9 percentage points each) lists. This suggests that additional information on race/ethnicity can be gained from these first names. We explored the potential for improving the probabilities by including indicators for these six-first name lists in modeling. 
| Hispanic first name list
| Spanish preference outside of Puerto Rico
Although the CMS administrative files include a Spanish-preference indicator, it is missing for many cases: many beneficiaries have not percentage points. Therefore, we tested the potential of this variable to improve probabilities in models.
| CMS administrative demographic and coverage variables
There are persistent differences in demographics [22] [23] [24] [25] and MA enroll- 
| Modeling approach
We used multinomial logistic regression in MBISG 2.0 so that we could incorporate both new and prior data elements outside of the Bayesian framework. In this case, we have six outcome categories:
the self-reported racial/ethnic groups. The individual-level predictors that we considered (surname, address, etc.) are described above, under "Data elements considered for inclusion in Phase Two."
Multinomial logistic regression automatically calibrates; it guarantees that the mean probabilities of the predictions match the distribution of self-reported race/ethnicity in the sample. 
| RE SULTS
| Summary of multinomial logistic model
Based on the investigations of the elements described above, the final MBISG 2.0 multinomial logistic model includes as predictors:
• Main effects for the end-of-phase-one probabilities and two-way interactions between each pair, including quadratic forms
• Subcomponents of the end-of-phase-one probabilities: main effects for five CMS administrative probabilities, main effects for five name-address component probabilities, and five non-White same-group interaction terms between these probabilities
• Additional data elements:
○ Indicators for match to six API first name lists, and interactions between each API group and the API end-of-phase-one probability ○ Indicator for match to Hispanic first name list, and interaction
with Hispanic end-of-phase-one probability ○ Indicator for Spanish preferring but not in Puerto Rico, and interaction with the Hispanic end-of-phase-one probability ○ Demographic/coverage variables: gender, disability and younger than 65, dually eligible, and indicators of enrollment in a dual SNP or chronic condition SNP.
Appendix S1E presents coefficients from this final model.
We found that the elements that most contributed to improvement over the end-of-phase-one probabilities were Phase One probability subcomponents (CMS administrative race/ethnicity and name-address probabilities) and their interactions with the Phase
One probabilities (Table 3 For the API probability, almost all error reduction occurred in Phase Two.
| CON CLUS ION
Policy makers and researchers have become increasingly interested in understanding and addressing racial/ethnic disparities in health care quality and access. Improvements to Medicare racial/ethnic data facilitate this goal in a large and high-need US population.
The findings described herein support the use of indirect methods to report on race/ethnicity for Medicare beneficiaries. We recognize that self-reported race/ethnicity is the preferred method for collecting race/ethnicity data. 28 However, for administrative data such as Medicare claims data, this information is often unavailable or improperly reported. Indirect methods provide a less burdensome strategy for collecting race/ethnicity data. As described in the As with BISG and MBISG 1.0, MBISG 2.0 produces a set of six probabilities for each beneficiary. Although one can convert these probabilities to a categorical variable, for instance by assigning each beneficiary to the group with the highest probability in their set, this approach generally results in less accurate disparity estimates than 
